With the failure of the radar instrument on NASA's Soil Moisture Active Passive (SMAP) satellite, the Sentinel-1 sensor has been considered as an alternative for replacing the SMAP radar data and restoring the combined radar and radiometer SMC product. A challenging subject to this purpose is the immense discrepancy between the spatial resolution of planned SMAP radar instrument (3 km) and Sentinel-1 data (10 m). In this paper, we investigate the possibility of preparing small scale soil moisture map and its quality from the synergy of Sentinel-1 and Sentinel-2 data using object-based image analysis (OBIA). To reach this goal, the most related features with soil moisture variable extracted from Sentinel-1 and Sentinel-2 data have been used as input layers to multi-resolution segmentation (MRS) algorithm to create image objects. Then the support vector regression (SVR) estimator has been used to calculate the soil moisture value of image objects. Initial evaluations demonstrate that produced soil moisture map obtained acceptable accuracy. In addition, the flexibility of the final product improves on the scale of the soil moisture map regarding the shape and size of image objects. It is also possible to combine this soil moisture product with a Level-3 SMAP SSM product to exploit the advantages of both products. This combination would lead to a small scale soil moisture map with enhanced accuracy and flexible scale.
INTRODUCTION
Soil moisture retrieval using remote sensing data has given rise to a considerable research interest over the past decades. Active microwave remote sensing has already revealed its potential in soil moisture retrieval with high spatial resolution imageries and independent of weather conditions. This capacity is due to the fact that microwave signals are influenced by dielectric properties (and thus the water content) of the soils (Wang, 1980) . In recent years, there has been growing interest in multisensor fusion for retrieving soil moisture. Synthetic aperture radar (SAR) and optic data fusion are one of the most widely used approaches (Baghdadi et al., 2015; Hajj et al., 2017; Prakash, Singh, & Pathak, 2012) . The integration of data acquired by optical sensors and SAR data may provide useful information for reducing ambiguity due to the presence of vegetation. Another possible approach is the integration of active and passive microwave data that could help to retrieve soil moisture at a higher accuracy (Kolassa, Gentine, Prigent, Aires, & Alemohammad, 2017; Kolassa, Reichle, & Draper, 2017) . The SMAP mission has been designed based on this assumption. In another perspective, since active and passive sensors provide an SMC map at large and low scales, respectively, previous works have focused on down and upscaling to retrieve soil moisture at the intermediate scale.
This results from the fact that many projects require an SMC map with a retrieval scale that is different from that which is provided with the operating sensors (Attarzadeh & Amini, 2019) . In this paper, we developed a robust approach for producing small scale soil moisture content (SMC) map from the synergy of Sentinel-1 and Sentinel-2 data. Considering the SMAP radar failure and focus of NASA on Sentinel-1 as the replacement for SMAP radar, this approach also can be considered as an alternative approach for combining Sentinel-1, Sentinel-2 and SMAP data to produce the related product.
METHODOLOGY
The proposed method has been applied to the Uasin Gishu County in Kenya with dominant vegetation cover (Fig. 1) . The Sentinel-1 data have been acquired simultaneously with field measurements. The Sentinel-2 data have been obtained with a minimum difference with radar data acquisition time and taking into account the cloud coverage. Due to the limitation of radar data for retrieving soil moisture in the vegetated areas results from Sentinel-1 sensor operating polarization and frequency (single VV polarization in C band), the Sentinel-2 data have also been used in this study. Then, 38 features, including nine radar feature and 29 optical features have been extracted. The most related features with soil moisture parameter have been selected using Random Forest-Recursive Feature Elimination method and considering the field measurements. On account of the small training database (164 samples), the support vector regression (SVR) technique has been used to retrieve soil moisture values in pixel level with 4.94-vol. % RMSE estimation accuracy. At the next phase, the selected features have been used as input layers to the segmentation process. Multi-resolution segmentation algorithm with appropriate scale parameter has been used to create image objects ( Fig. 2 and 3) . Afterwards, the extracted pixel-based SVR estimator has been exploited to retrieve soil moisture values of produced image objects (Attarzadeh, Amini, Notarnicola, & Greifeneder, 2018) . Table 1 details the statistics of image objects in the generated SMC map and Fig. 4 and 5 demonstrate the produced soil moisture map with the proposed approach. 
RESULTS AND DISCUSSION
Following the training step, the soil moisture retrieval process was performed by using the pixel-based estimator model. Attarzadeh et al. (2018) showed that the obtained estimation accuracy using the extracted SVR model was 4.94% (Vol.) and 0.89 in terms of the root-mean-square error (RMSE) and R 2 . As shown in Fig. 4, Fig. 5 and Table 1 , the proposed method has the ability to produce small scale soil moisture map with approximate average object area of 9 and 40 square kilometres with corresponding 800 and 1600 scale parameter. This method also has this potential to produce soil moisture map with smaller image objects and consequently larger scale (Table 1 ). Since the default data for producing such small scale SMC map are passive data like SMAP, the proposed approach enable us to exploit the potential of free active and optic Sentinel data for preparing small scale SMC maps in object level and with the flexibility that it is not possible through rigid shape and size of pixels in SMAP SSM products. It should be noted that the OBIA procedure permits us to extract image objects with various sizes in an operational project so that fields of any magnitude can be identified and retrieved. This viewpoint will enable us to have a degree of flexibility on the retrieval scale. This approach seems to meet practical application requirements better. It is also possible to combine produced maps with SMAP products with a smaller spatial resolution to exploits the advantages of both products.
CONCLUSION
This paper has investigated the possibility of producing small scale maps from coupled Sentinel-1 and Sentinel-2 data. The results of this study indicate that there is the potential to create such an SMC map using object-based image analysis with more flexibility on image objects size and shape. The most important limitation of the proposed approach lies in using a pixel-based SVR estimator to retrieve soil moisture values of image objects. Exploiting the pixel-based SVR estimator is a significant source of the unreliability of the SMC map's estimation accuracy. To further our research and to tackle the dependency of the estimation accuracy of the produced SMC map, we plan to combine this product with the SMAP product.
